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The temperature of operation is a key parameter in determining the performance and dura-
bility of a polymer electrolyte fuel cell (PEFC). Controlling temperature and understanding its
distribution and dynamic response is vital for effective operation and design of better sys-
tems. The sensitivity to temperature means that uncertainty in this parameter leads to var-
iable response and canmask other factors affecting performance. It is important to be able to
determine the impact of temperature uncertainly and quantify howmuch PEFC operation is
influenced under different operating conditions. Here, a simple lumpedmathematicalmodel
is used to describe PEFC performance under temperature uncertainty. An analytical approach
gives a measure of the sensitivity of performance to temperature at different nominal oper-
ating temperatures and electrical loadings.Whereas a statistical approach, usingMonte Carlo
stochastic sampling, provides a ‘probability map’ of PEFC polarisation behaviour. As such, a
polarisation ‘area’ or ‘band’ is considered as opposed to a polarisation ‘curve’. Results show
that temperature variation has the greatest effect at higher currents and lower nominal
operating temperatures. Thermal imaging of a commercial air-cooled stack is included to
illustrate the temporal and spatial temperature variation experienced in real systems.
Copyright ª 2013, The Authors. Published by Elsevier Ltd. All rights reserved.1. Introduction
A polymer electrolyte fuel cell (PEFC) is a device that converts
chemical energy in fuels directly into electricity with high
efficiency, no combustion or moving parts [1]. The advantagesd under the terms of th
cial use, distribution, and
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56of this type of fuel cell includes low operating temperature,
quick start-up, planar configuration and easier sealing due to
the use of a solid electrolyte [2e9]. However, water manage-
ment issues require careful consideration to ensure good
protonic conductivity in the electrolyte while avoiding elec-
trode flooding that limits reactant access and results in masse Creative Commons Attribution-NonCommercial-No Derivative
reproduction in any medium, provided the original author and
hed by Elsevier Ltd. All rights reserved.
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run the system at the optimum operating conditions by
applying efficient control methodologies. There are many
factors which affect performance, ranging from fundamental
thermodynamic properties; ionic, electronic and mass trans-
port mechanisms; heat transfer and electro-kinetics [11e13].
For all these processes, temperature is a major determining
factor and control is essential for understanding how fuel cells
operate, optimising performance, and developing better and
longer lasting devices.
When operating fuel cells, there is always a level of ‘un-
certainty’ in the operating parameters and physical state of
the system that leads to variable and unpredictable perfor-
mance. This uncertainty can be due to fluctuations and dis-
tribution of operating parameters, measurement accuracy,
random errors, unoptimised/unstable control, etc. [14]. Tem-
perature is one of the parameters with the highest uncertainty
as it is a function of operating point, reactant flow rate and
ambient conditions; it is also temporally variant under dy-
namic conditions and spatially heterogeneous.
The sensitivity of fuel cell operation with respect to tem-
perature has been reported in the literature [15e17]. Studies
have focussed on the impact of operating temperature on fuel
cell performance, and also uncertainty as a part of the control
system [18,19].
Temperature is an important component in fuel cell
operation, and plays a key role in cell performance [20,21].
Water transport is directly influenced by temperature,
affecting the mobility of species in the electrolyte and access
and removal of water at the electrodes and propensity to
flooding [10]. Thermal imaging has increasingly become a
popular tool for the investigation of fuel cells. It provides high
spatial resolution imaging and allowing non-contact mea-
surements, so avoiding potential interference with fuel cell
operation. Thermal imaging can be used to identify defects
and/or areas of unusually low or high activity on the surface of
fuel cells. Aieta et al. have shown how catalyst loading defects
can be investigated using thermal imaging [22]. Hakenjos et al.
measured the current and temperature distribution using IR
thermography in order to obtain the temperature distribution
along the GDL of a PEMFC [23]. They also observed flow-field
flooding through images taken from temperature distribu-
tion. Daino et al. have performed similar work aimed at
identifying temperature gradients along GDL layers within
PEMFCs [24].
In this paper, a simplemathematical lumpedmodel is used
to examine the effect of temperature on the parameters and
fundamental physical and chemical properties that determine
PEFC performance. First, an analytical approach is adopted
that examines the sensitivity of the equations to small
changes in temperature by using the differential dV/dT to map
the operating range of polarisation and nominal operating
temperature. However, this does not capture the stochastic
nature of the uncertainty associated with practical operation,
so a second analysis is performed that applies a statistical
treatment to develop a ‘probability map’ of fuel cell polar-
isation performance.
In order to support the statistical study, an experimental
characterisation of a commercial air-cooled stack is per-
formed that uses high-resolution thermal imaging tocharacterise the kind of spatial and temporal temperature
uncertainty that can be expected in a practical operating
system.
The intention of this study is to provide fuel cell developers
with a basis for estimating the expected level of uncertainty in
polarisation performance based on a given uncertainty in the
temperature of the system (spatial and temporal). A key
outcome is that conventional polarisation curves should be
considered as ‘polarisation areas’ or ‘bands’ with variable
uncertainty across their operating range.
1.1. Temperature uncertainty in fuel cell operation
Temperature distribution within fuel cells has been modelled
using a range of techniques and length scales; for example,
Shimpalee and Dutta describe the temperature variation
across the flow channel width [21] and Pharoah and Burheim
at the cell level [20]. However, models rarely consider the ef-
fect of measurement and physical uncertainty on cell
performance.
Mawardi and Pitchumani investigated the impacts of un-
certainty in materials and operating parameters on fuel cell
performance by using a one dimensional, non-isothermal
mathematical model [14]. Parametric analysis was used to
determine how cell voltage and power density change with
uncertainty, where the input samples were generated sto-
chastically using the Latin Hypercube Sampling (LHS)method.
To show the significance of temperature on other variables
like degradation rate, Placca et al. demonstrated the effect of
the interaction between temperature and degradation rate on
overall performance of fuel cells [25]. The Response Surface
Method (RSM)was applied in this study to analyse the effect of
uncertainty in these variables on polarisation (VeI) curves.
However, no attempt was made to quantify the association
between the measurement uncertainty and temporal and
spatial temperature distribution.2. Model development
For the purpose of analytical and statistical analysis, a
mathematical model is required to describe the thermody-
namics of the system, kinetics, mass and charge transfer as a
function of temperature.
2.1. Model assumptions and equations
A lumped, semi-empirical, mathematical model is used to
simulate PEFC operation [10,11]. The purpose of using this
model is to indicate the effect of temperature on different
parameters and identify their impact on overall performance.
Therefore, some of the parameters, such as exchange current
density and conductivity, which are usually measured
experimentally, are expressed using empirical equations,
which themselves can generate discrepancy due to model
uncertainty. However, the focus of this work is the impact of
temperature uncertainty on cell performance, whereas model
uncertainty is assumed negligible. The following assumptions
are applied: (i) steady state system; (ii) incompressible and
ideal gases; (iii) single phase vapour water; (iv) heat loss is
Table 2 e Physical constants used in the model.
Parameter Value
Catalyst loading (Lc) 0.125 mg(Pt) cm
2
Catalyst-specific area (aca) 0.4 cm
2 mg1
Faraday’s constant (F) 96,486 C mol1
Ideal gas constant (R) 8.314 J mol1 K1
Membrane thickness (l) 0.01275 cm
Reference exchange current density ðiref0 Þ 3  109 A cm2
Reference temperature (Tref) 298 K
Reference pressure (Pref) 1 atm
Reference Gibbs free energy (Gref) 228,170 J mol1
Activation energy (Ec) 76,500 J mol
1
Diffusion coefficient of water in membrane (D0) 5.5  107 cm2 s1
Active area (A) 25  104 cm2
Operating pressure (P) 1.5 atm
Oxygen pressure ðPO2 Þ 5 atm
Hydrogen pressure ðPH2 Þ 3 atm
Water pressure (Pw) 1 atm
Reference binary diffusion coefficient ðDrefij Þ 0.1 cm2 s1
i n t e r n a t i o n a l j o u r n a l o f h y d r o g e n en e r g y 3 9 ( 2 0 1 4 ) 1 4 3 9e1 4 4 8 1441negligible; (v) pressure drop is negligible; (vi) current distri-
bution is uniform; and (vii) there is no reactant consumption
along the length of the flow channel (reactant distribution is
homogeneous).
Simple lumped models of PEFC operation are well docu-
mented and have been used for a wide variety of applications
[11]. The model used here follows a well-established protocol
with the key equations summarised in Table 1 [10,26e29], and
the physical constants and parameters defined in Table 2
[10,11,17,25e28]. The important role of temperature in deter-
mining PEFC performance is evident by the common appear-
ance of T in the governing equations, which include
logarithmic, exponential, power and linear functions.
As is commonly used in fuel cell modelling, the empirical
Bruggeman correlation was used to estimate conductivity and
diffusivity [30e32]. However, this assumes that there is no
liquid water present in the cell. At low temperature and high
current density there is a higher chance of liquid waterTable 1 e List of equations used to describe the physical
mode of the PEFC.
Name Equations
Species mass flux MH2 ¼ lH2 iAnaF
MO2 ¼ lO2 iAncF
MvH2O;c ¼
 yH2Oin1yH2Oin

c
MO2
MvH2O;a ¼
 yH2Oin1yH2Oin

a
MH2
yH2O;a ¼ RHfuel
PsatH2O
P
yH2O;c ¼ RHair
PsatH2O
P
Thermodynamic E0 ¼ dHTdSnF
Erev ¼ E0  RTnF ln

PH2O
PH2 P
0:5
O2

PsatH2O ¼ expðð2:95 102ÞT ð9:18 105ÞT2
þ1:44 107T3  2:18
Activation loss
at the electrodes
i0 ¼ iref0 acLc

PrO2
Pref
g
exp

Ec
RT

1 T
Tref

PrO2 ¼ Pair
exp

4:192i
T1:344
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hact ¼
h
RT
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i
i0
i
a
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h
RT
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i
i0
i
c
Ohmic loss at
the membrane
kmem ¼ ð0:00514cm  0:000326Þ
exp

1268

1
303
 1
T

cm ¼ 0:043þ 17:18am  39:85a2m þ 36a3m
am ¼ baa þ ð1 bÞac
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MvH2O;a
Mv
H2O;a
þMH2
$ PPsat
H2O
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MvH2O;c
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H2O
hohmic ¼ R$i ¼ lmemkmem$i
Concentration
loss at the
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iL;c ¼ ncFDeff cO2dGDL
Deff ¼ DO2=N2 ε1:5
DO2=N2 ¼ DrefO2=N2

T
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3 =
2
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P

CO2 ¼ xO2 PRT
hcon ¼
h
RT
anF ln
iL
iLi
i
a
þ
h
RT
anF ln
iL
iLi
i
c
GDL thickness (tGDL) 0.05 cm
Enthalpy change (dH) 242,367.25 J
Entropy change (dS) 84.2 J
Cathode water activity (ac) 0.3
Anode water activity (aa) 0.5
Porosity (ε) 0.444
Number of electrons at cathode (nc) 4
Number of electrons at anode (na) 2
Relative humidity of air (RHair) 0.5
Relative humidity of fuel (RHfuel) 1
Stoichiometric ratio of hydrogen ðlH2 Þ 1.25
Stoichiometric ratio of oxygen ðlO2 Þ 2
Pressure coefficient (g) 0.5
Oxygen mole fraction ðxO2 Þ 0.21formation. Under such conditions fuel cell performance may
be more sensitive to temperature uncertainty and theoretical
correlations such as those described by Das et al. may be
considered [33].
The overall polarisation curve is generated by subtracting
the relevant over-potentials from the open circuit potential:
V ¼ Erev  hact  hohmic  hcon (1)
where, Erev is open circuit voltage at zero current density. The
Nernst equation is used to describe the thermodynamics. hact
is the activation loss due to kinetics of reaction, which de-
pends on the rate of the reactions at the surface of the elec-
trodes. hohm is the ohmic loss taken to be exclusively due to
the ionic resistance of the electrolyte membrane, which is a
function of water content and temperature. hcon is concen-
tration loss and is a function of the activity of reactants and
products and also rate of diffusion of species through the GDL.2.2. Analytical treatment
The effect of operating temperature on PEFC performance is
commonly reported in the range of 30e80 C [15e17,34], with
Das et al. showing that the effect is most significant at high
current densities [34].
To determine the sensitivity of cell voltage, based on the
intrinsic physics of the system, with respect to temperature
and current density, the differential of cell voltage with
Table 3 e Variance of error as a function of sample and
bin size.
Sample size Bin size Verror
100 10 0.5
1000 100 0.158
10,000 1000 0.05
100,000 10,000 0.0158
Fig. 2 e Picture and sketch of the fuel cell stack showing the
active and cooling channels.
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change in temperature (0.05 C) to the model equations, such
that:
dV
dT
z
V2  V1
T2  T1 (2)
2.3. Statistical treatment
To predict the probabilistic deviation of cell voltage due to
uncertainty in temperature, a statistical analysis is used that
employs a Monte Carlo Simulation (MCS) to provide a random
normal distribution of temperature samples. A normal dis-
tribution (Gaussian) is employed to describe the statistical
spread (uncertainty) of temperatures [35].
To establish the effect of temperature, the standard devi-
ation of 5 C is selected for 10,000 samples. Previous studies
have reported 3e11 C temperature variation in a fuel cell due
to different uncertainties and operating conditions [20,21,25].
Also, the tests carried out on the commercial stack suggests
that this is an appropriate base-case for examining tempera-
ture uncertainty.
It is important to choose a suitable sample size which is
large enough to give sufficient confidence in the results, but
not so large as to lead to unnecessary processing time. To
assess this, the model was run from 100 to 100,000 samples in
order to develop a distribution curve.
Table 3 shows how different sample size and bin size can
affect the variance of error (Verror). A sample size of 10,000 was
chosen as a suitable trade-off between accuracy and pro-
cessing time.
To generate the samples, Equation (3) [36] is implemented
in Octave (GNU Octave), a high level programming language
that provides access to a number of solvers for linear and
nonlinear numerical computations [37].
T ¼ Tmean þ s$randnðn;mÞ (3)Fig. 1 e Experimental test stawhere Tmean is the mean operating temperature and s is the
standard deviation of distribution.
The obtained data are characterised by statistical analysis:
skewness and coefficient of variance (CV), to present the de-
gree of asymmetry of the distributions and measure of
dispersion of voltage. Positive skew has a longer tail on the
right hand side (higher values) of themean value and negative
skew is bias towards lower values. A distribution curve is
classified as symmetrical when the skewness is zero. Because
of the nature of the model and logarithmic expressions used
in the model, Equation (4) is used to calculate the skewness,
where N is the total number of samples [38]:
skewness ¼
P ðx mðxÞÞ3.N
s3
(4)
To verify the skewness, Equation (5) is used to indicate the
degree of skewness by comparing the obtained values with
the standard error of skew (SES) [39].
SES ¼
ﬃﬃﬃﬃ
6
N
r
(5)tion for the 5 cell stack.
Fig. 3 e Sensitivity map based on analytical analysis
showing differential change in voltage with temperature
(dV/dT) as a function of nominal operating temperature
and current density.
Fig. 5 e Contour plot of VeI polarisation ‘area’ at mean
operating temperature of 80 C with standard deviation of
±5 C generated by MCS. Plot to the right hand side shows
the voltage distribution at current density of 0.1, 0.5, 0.9,
1.3, and 1.7 A cmL2.
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as a percentage, is used to compare the standard deviation of
data at diversemean values [14], where s is standard deviation
of distribution and m is the mean value [40].
CV ¼ s
m
(6)Fig. 4 e Effect of temperature on (1) OCV, (2) activatio3. Experimental
3.1. Stack operation
Fuel cell stack operationwas carried out using a 5-cell air cooled
(AC) open-cathode stack (Intelligent Energy Ltd., UK) [41,42].
This test station, displayed Fig. 1, is used to supply dry, non-
heated, pressurized hydrogen in dead-endedmode to the anodes,
and oxygen is supplied to the cathode using three fans blowing
ambient air through the open cathodes (stack and channeln loss, (3) Ohmic loss and (4) concentration loss.
Fig. 6 e Skewness of VeI polarisation ‘area’ at operating
temperature of 80 C and standard deviation of ±5 C.
i n t e rn a t i o n a l j o u r n a l o f h y d r o g e n en e r g y 3 9 ( 2 0 1 4 ) 1 4 3 9e1 4 4 81444configuration shown in Fig. 2). The fans are powered by a pro-
grammable power supply (3649A Agilent), and the fuel cell was
loaded using an Agilent 6060B load unit; each controlled using
bespoke software (LabVIEW, National Instruments) using a GPIB
interface.Eachofthe5cellshasamembranesurfaceareaof60cm2.
Due to its unique design, it does not require any external
heating and operates from room temperature. Heat is gener-
ated by the electrochemical reactions and Joule heating.
A K-type thermocouple was used to record the internal
temperature in the central area of the fuel cell and operate the
PID controller. The PID controller treats the temperature as an
input, and changes the speed of the fans in order to regulate
the temperature to its predefined setpoint.
3.2. Heat management and thermal imaging
Temperature mapping, either with thermocouples [43e46],
micro sensors measuring the temperature and humidity [47],
thermistors [48], thermal imaging [23] [49e54], of fuel cells has
shown to be a powerful tool to understand the performance
and validate heat transfer models. The open-cathode config-
uration of the AC stack makes it an ideal system for thermal
imaging because it is possible to directly point the camera at
the active and cooling channels.
Thermal imaging was performed using a 640  512 focal
plane array InSb camera (SC5600MB FLIR, UK). The camera
was calibrated for the temperature range in question
(15e100 C) with the images being recorded using commer-
cially available software (ResearchIR, FLIR ATC, Croissy-
Beaubourg, France). Images were recorded at a frequency of
25 Hz for a period greater than 10 min to ensure a statistically
significant number of data points were collected.Fig. 7 e Contour plots showing: (a) how CV changes at
different mean operating temperatures for ±5 C; (b) how
CV changes at an operating temperature of 80 C with
various standard deviation of temperature uncertainty at
i [ 0.6 A cmL2.4. Results and discussion
4.1. Analytical interpretation
The analytical approach provides insight into the physics of
the system and how temperature makes an impact onperformance. Fig. 3 shows the variation in differential cell
voltage with respect to temperature as a function of current
density and absolute operating temperature. It can be seen
that the PEFC becomes more sensitive to temperature change
with increasing current density and reduced temperature;
increasing to over 10 mV C1 above 1 A cm2 from 30 to 90 C.
The effect of temperature on the various loss mechanisms
can be seen in Fig. 4. The following observations can be made:
(i) the entropy change associated with the formation of water
leads to a small change in OCV over this temperature range;
(ii) electro-kinetics improve with temperature resulting in
lower activation loss due to exponential increase in ORR i0
with temperature; (iii) Ohmic loss increases linearly with
current, increased temperature results in a reduction of the
resistance inside the cell due to increased proton conductivity;
(iv) concentration loss, which is mainly dominant at higher
Fig. 8 e Thermal image of fuel cell stack at a current loading
of 46 A (0.78 A cmL2) after equilibrating for 25 min.
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improved diffusion, gas mobility and species concentration
resulting in better mass transport and larger limiting current
density.
4.2. Statistical interpretation
To capture the probabilistic behaviour of cell performance
under temperature uncertainly, MCS sampling was used to
provide temperature input samples for a mean operating
temperature of 80 C and standard deviation of 5 C. The
samples generated by MCS are introduced into the deter-
ministic lumped mathematical PEFC model to obtain cell
voltage for various current densities.Fig. 9 e Temperature distribution after 25 min fuel cell operatio
points (SP1eSP4) along the middle cell. SP1 is the closest pointIt is apparent from Fig. 5 that voltage distribution is not
uniform at different current densities. The colour map shows
that as current density increases, the width of the distribution
increases. This figure clearly shows that the expectation of a
polarisation response to conform to a single ‘line’ is not
reasonable when there is uncertainty associated with tem-
perature (or other operating parameters). Rather, a polar-
isation ‘area’ or ‘band’ better describes the situation.
It can be seen in Fig. 5 that performance shows higher
sensitivity at larger current density due to non-linearity of the
model which is more dominant at higher current density.
To calculate the degree of asymmetry of a distribution over
various current densities, the skewness is determined to show
the effect of temperature variation on cell performance. It can
be seen in Fig. 6, there is a tendency towards lower voltage in
the VeI polarisation area due to higher overpotential and
probabilistic effect of temperature on the cell performance. It
can be seen that skewness of the voltage distribution becomes
more negative with increased current density, i.e. fuel cell
voltage will be more likely to be biased towards lower voltage.
To establish the extent of skewness, Equation (5) is used to
determine the SES. The results show that over a current
density of 0.2 A cm2 the magnitude of the skewness is larger
than twice the SES. This indicates that the distribution can be
regarded as significantly skewed towards a lower voltage with
increasing current.
Fig. 7(a) shows how CV changes at different operating
temperatures (30e90 C), taking a temperature uncertainty of
5 C. The trend across current and temperature is qualita-
tively the same as that observed in the analytical analysis;
however, this interpretation allows the probability at each
condition to be quantified.n at current density 0.78 A cmL2. Figs. 1e4 show the four
to H2 entrance and SP4 is the furthest.
Table 4 e -Statistical variables for four points along the
MEA at current density 0.78 A cmL2 after 25 min of data
collection.
Statistical
variables
SP1 SP2 SP3 SP4
Mean 50.8 48.8 48.5 48.5
CV% 0.044 0.041 0.037 0.08
Skewness 1.4  1013 1.3  1013 8.6  1014 5.2  1014
i n t e rn a t i o n a l j o u r n a l o f h y d r o g e n en e r g y 3 9 ( 2 0 1 4 ) 1 4 3 9e1 4 4 81446To establish how dispersion of cell voltage relates to the
given temperature uncertainty, the CV of cell voltage is
calculated for different sT values at a current density of
0.6 A cm2 (Fig. 7(b)). It can be seen that regardless of tem-
perature uncertainty the sT increases monotonically.
4.3. Stack testing
4.3.1. Thermal imaging
Thermal imaging measurements achieved a pixel resolution
of w0.35 mm. The noise-equivalent temperature difference
(NETD), a measure of the signal-to-noise ratio, of the camera
during the experiments was recorded as 19 mK, demon-
strating a high thermal resolution.
A calibration was conducted in order to eliminate envi-
ronmental reflections. To achieve this, a diffuse reflector was
used to enable the environmental emissivity to be set to unity.
In investigating the temperature distribution of the stack,
each channel represented a cavity that could be considered to
be a quasi-black body [55]. This allows an emissivity
approaching unity to be used; in this case, 0.98 was chosen. By
utilising this technique a direct comparison can be made be-
tween the active and cooling channels without the need to
calculate the emissivity of each channel.
Fig. 8 shows a thermal image of the stack seen from the
side with air exiting the system. It can be seen that there is
substantial temperature variation across the stack with
w12 C difference between the active and cooling channels
(active ewhite and cooling e red). The figure also shows the
position of four different point measurements (SP1eSP4)
made along the central cell in the stack, used to assess lateral
temperature variation in space and time.
4.3.2. Statistical interpretation of experimental temperature
distribution
The temporal temperature distribution for each of the four
points displays a Gaussian distribution (Fig. 9), the statistical
characterisation for each point is shown in Table 4. It can be
seen that the CV of location 1 to location 4 increases by almost
50% showing that the spatial distribution itself has ranging
temporal variation. Also in the same table it can be seen that
the skewness is effectively zero.5. Conclusion
Temperature is a key parameter for determining PEFC per-
formance and uncertainty in this parameter is reflected in the
variability in the polarisation response. An analytical andstatistical approach has been used to determine the sensi-
tivity and probability of performance variation as a function of
current density and nominal operating temperature.
Lower cell temperatures and higher current densities are
predicted to lead to the greatest variation in performance for a
given temperature change or statistical variation (‘uncer-
tainty’). The study has identified an effective polarization
‘area’ or ‘band’, in contrast to the widely quoted polarization
‘curve’, as being the most appropriate way to represent model
predictions of fuel cell performance.
The cell performance variation due to temperature distri-
bution at a given point in the VeI polarisation area translates
into the negative skewness. This means that there is a ten-
dency for the VeI area to be biased towards a lower voltage.
Therefore, reported polarisation data will tend to err on the
side of poorer perceived performance due to the natural
variation in temperature for a given system.
Thermal imaging on an operational PEFC stack allows the
spatial and temporal variation in temperature to be assessed.
The experiments show that the width of temperature distri-
bution decreases spatially towards the “dead-end” of the
stack. A temperature variation of over 12 C was observed
across the active area of the stack (air exit face), whereas the
variation across the central MEA was w2.5 C and the tem-
poral variation has a standard deviation of 0.5 C.Acknowledgements
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